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Abstract — Curriculum sequencing aims to provide a customized optimal learning path 
through the curriculum landscape to individual learners since learners have different prior 
background knowledge, preferences, and goals. Researchers have given considerable 
attention to flexible curriculum sequencing control to provide adaptable, personalized 
learning programs. In an adaptive educational system, an optimal learning path aims to 
maximize a combination of parameters including the learner's understanding of courseware 
and the efficiency of learning the courseware. Flexibility in learning offers a learner an 
autonomy and control over his/her learning process as self-regulated learning. There exist a 
number of dimensions of flexible learning like class times, course content, location, 
organizational infrastructure, methods, learning styles, course requirements etc. This paper 
presents a scheme for advice generation, with the help of ACO, for curriculum sequencing 
under flexible learning system. The proposed frame work provides flexibility in time by 
asking the learner his affordability and allows his choice of the subjects to be learned by 
tracking his learning experiences. On the basis of these parameters, an optimized advice is 
generated, suggesting the learner, his future course of action, to be targeted towards the 
achievement of his learning objectives. The proposed system has been found to work 
satisfactorily with various test cases. 

Index Terms — Ant Colony Optimization, Flexible Learning, Curriculum Sequencing 

I. Introduction 

Curriculum Sequencing is a technique used to build adaptive learning resources whose main objective "is to 
provide the students with the most suitable individually planned sequence of knowledge units to learn and 
sequence the learning tasks to work with" [1]. "..Flexible Learning is a set of educational philosophies and 
systems, that provides learners with increased choice, convenience, and personalization to suit them. Optimal 
curriculum sequencing helps the learners of heterogeneous categories according to their needs. In flexible 
educational system different learners can achieve the learning objectives in a self-paced manner. In a flexible 
learning environment, learners with different educational background and choices can have personalized 
curriculum planned for them. Shifting to flexible learning from traditional approach is challenging for the 
course planner since it has to be remembered that in this system, individual's need must be taken care of, 
considering his/her ability, availability and preferences. The main concern is how to plan for the new 
technique & learning environment and then to design a course that provides a requisite level of flexibility. 
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II. Proposed Work 



The traditional teaching-learning processes promote a teacher-centric learning system which is rigid and 
lacks flexibility. Educational programmes for today's students should be specific to their needs i.e. student- 
centric rather than the former one. To meet the challenge, Universities provide a range of programmes 
delivered in a flexible mode. Further, the use of information technologies affects the teaching and learning 
process a lot. It is a challenging job for the course planners to how provide a requisite level of flexibility 
while shifting to the flexible learning mode form the traditional system. While designing the personalized 
curriculum for individual learners, certain constraints must be taken care of like - learners' prior background 
knowledge, availability, preferences. The proposed frame work provides flexibility in time by asking the 
learner his affordability and allows his choice of the subjects to be learned by tracking his learning 
experiences. On the basis of these parameters, an optimized advice is generated, suggesting the learner, his 
future course of action, to be targeted towards the achievement of his learning objectives. 

III. Preliminaries 

A. Flexible Learning 

1. Introduction to Flexible Learning 

Flexibility is usually understood to mean offering students choices in their learning environment to better 
meet their individual needs, "..flexible teaching and learning is that mixture of educational philosophy, 
pedagogical strategies, delivery modalities and administrative structures which allows maximum choice 
for differences in student learning needs, styles and circumstances" [2]. In particular, flexible learning 
provides learners with choices about where, when, and how learning occurs. It is sometimes also referred to 
as personalized learning. Another frequently mentioned claim proponents make in many universities is the 
improved ability to correctly deal with student heterogeneity in learning preconditions such as pre- 
knowledge, motivation, or learning skills [3]. 

2. Dimensions of Flexible Learning 

The diagram in Figure 1 is presented as a visualization tool for describing the dimensions of flexible learning 
[15]. In flexible learning environment, the students are offered choices in time, space, methods, learning 
styles, contents, organizational infrastructure and entry requirements. Here, the key idea of flexibility is 
offering choices, though everything cannot be made flexible at all times for all students. Flexibility can be 
offered for more than one field. The dimensions for which flexibility is to be provided, depends on the 
requirements demanded by the system. 




Figure 1. Dimensions of Flexible Learning 
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3. Flexible & Self-Regulated Learning 

The characteristic of learner choices within learning processes is self-regulated learning (SRL). SRL is a 
process in which individuals take the initiative, with or without the help of others, in diagnosing their 
learning needs, formulating goals, identifying human and material resources, choosing and implementing 
appropriate learning strategies, and evaluating learning outcomes [4]. Therefore, SRL is a complex learning 
process that makes high demands on students for choices. Moreover, several studies and articles point out 
that SRL in particular makes high demands on learning skills. Paris and Paris pointed out that the phrase 
"self-regulated learning" "emphasizes autonomy and control by the individual who monitors, directs, and 
regulates actions toward goals of information acquisition, expanding expertise and self-improvement" [5]. 
Self-regulation corresponds with independently generated thinking, feeling, and connecting to the adaptation 
of personal objectives. Recent studies concerning flexible and self-regulated learning indicated that 
hypermedia and new information technology plays an important role in SRL. Other researchers also observed 
that online learning environments enable students to experience autonomy by allowing them to decide when, 
where, and what they can learn. 

B. Curriculum Sequencing 

1. Introduction to Curriculum Sequencing 

CS technology exists to provide the student with the most suitable individually planned sequence of learning 
tasks to work with. It is becoming more and more popular for the learner who prefers to have a self-guided 
learning system. Thus, the objective of the CS is to replace the rigid, general, and one-size-fits-all course 
structure set with a more flexible and personalized learning path, considering both, the learner-related 
features as well as the curriculum-related constraints. These include the learner's background and 
prerequisites satisfaction as well as his/her motivation, level of performance, location and learning 
capabilities and style [6]. For a specific -learner, the requirements change as his/her knowledge improves due 
to learning. It is worth noting that a solution to the CS problem does not only assist students in finding the 
most efficient and suitable learning path, but also helps instructors to fine-tune their course structure and 
content, and discover areas of improvement, enhancing the whole learning / teaching experience. An optimal 
path selection algorithm for knowledge learning amongst multiple curricula has been developed for 
improving the efficiency of computer supported collaborative learning [13]. 

CS is an NP-hard problem [7]. Its complexity can be illustrated by an example [8] that demonstrates course 
sequencing for a Master in Engineering program containing only 23 courses. There are various constraints 
like prerequisite relations, fixed-order sequence for some itinerary courses, etc. Thus, a feasible sequence 
consists of the 23 courses arranged in a way satisfying all constraints. In this case, the total number of 
possible (valid and invalid) sequences (permutations) approaches 23!. The solution space becomes larger if 
sub-sequences are to be considered. A complete enumeration of all the possible sequences is clearly not 
feasible. This problem becomes even harder with a solution space that is much larger in a realistic situation 
where a learner's background knowledge, his/her learning style and similar student-related factors are 
considered. As the CS problem is NP-hard, heuristics and meta-heuristics are usually used to approximate its 
solutions, in particular Evolutionary Computation (EC) approaches. 

2. EC Approaches to solve CS problems 

Courses might contain several hundreds of subjects. So, for a course containing N subjects in the curriculum, 
we have to look for the optimal curriculum sequence that adapts to the pedagogical structure at first and then 
to student individual needs. The solution space of the CS problem comprises all the N! possible sequences or 
permutations. The solution space is even larger if sub-sequences are permitted. A feasible solution is the one 
that satisfies all the requirements mentioned above. CS is a problem with many parameters that need to be 
simultaneously optimized in a complex and changing learning environment. Approximate algorithms 
represent the only tractable way to tackle large instances of such a problem. 

There are two distinct categories of EC approaches to the CS problem, depending on whether the solution 
incorporates experiences of other similar learners, called Social Sequencing [9], or it is based mainly on the 
individual learner, called Individual Sequencing. Social Sequencing abstracts away the individual properties 
of learners drawing efficient learning paths from the emergent and collective behaviour of a group of 
learners. The essence of these social systems stems from the well-established e-commerce recommendation 
systems, where services are marketed according to user interests based on a large amount of other similar 
customers' profiles. Swarm intelligence methods are widely used to solve such a problem. Individual 
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Sequencing focuses on the individual learner rather than the collective performance of learners. Individual 
Sequencing approaches base their decision on those properties and tag on a pedagogical structure. The 
student model and the pedagogical concept relation are therefore fundamental to these systems. The most 
important EC methods used so far for Individual Sequencing are GAs, PSO etc. Particle swarm optimization 
(PSO) and genetic algorithm (GA) agents are designed, built and tested in real and simulated scenarios. 
Results show both approaches succeed in all test cases, and that they handle reasonably computational 
complexity inherent to this problem, but PSO approach outperforms GA [14]. 

C. Ant Colony Optimization 

1. Introduction to ACO 

Swarm intelligence is an approach for problem solving inspired by the behaviours of social insects and of 
other animals. The most researched and successful among them is Ant Colony Optimization technique 
(ACO). It was introduced in the early 1990' s. The inspiring source of ACO is the foraging behaviour of real 
ant colonies. Many ant species have trail-lying trail-following behaviour while foraging: individual ants 
deposit a chemical substance called pheromone as they move from a food source to their nest. The 
pheromone trails are the favourable paths that should be followed by other members of the colony. 

2. The Origins & Inspirations of ACO 

The first ACO algorithm was introduced in the early 1990' s by Marco Dorigo and colleagues, inspired by the 
observation of real ant colonies [10]. Ants are social insects and they lived in colonies. Their foraging 
behaviour of finding shortest paths between food sources and their nests provides the inspiration for the 
algorithm. While searching for food, ants initially explore the area surrounding their nest in a random 
manner. And while moving, they leave a chemical called pheromone on the ground. Ants can smell 
pheromone which guides other ants to find the food source. They tend to choose their paths marked by strong 
pheromone concentrations. It has been shown that the indirect communication between the ants via 
pheromone trails - known as stigmergy [11] (which is an indirect form of communication) - enables them to 
find the shortest paths between their nest and food sources. 

3. The Optimization Techniques 

The model proposed by Deneubourg and co-workers for explaining the foraging behaviour of ants was the 
main source of inspiration for the development of ant colony optimization. In ACO, a number of artificial 
ants build solutions to the considered optimization problem at hand and exchange information on the quality 
of these solutions via a communication scheme that is reminiscent of the one adopted by real ants. Different 
ant colony optimization algorithms have been proposed. The original ant colony optimization algorithm is 
known as Ant System and was proposed in the early nineties [12]. Since then, a number of other ACO 
algorithms were introduced. 

IV. Problem Formulation 

A. Problem Statement 

In a flexible learning environment, a learner with options in course may get confused to decide the suitable 
subjects for him/her to have the optimality. In the curriculum, there exist certain constraints related to the 
subjects like - prerequisites, credits, and required time. Therefore, the system should sequence subjects as per 
prerequisite constraint satisfaction. The system should be flexible to sequence the curriculum as per learner' s 
affordability of time & learning experiences. System must take care of the constraint of maximum semesters, 
the required credit defined for the accomplishment of the degree as well as the required credit for 
major/minor subjects defined for the accomplishment of degree. Considering all these aspects, the system 
should advice the learner a few feasible sequences those may be optimal or near to optimal solutions for the 
learner to achieve his/her learning objectives. 

B. Curriculum as asymmetrical directed graph 

Curriculum is represented as complete directed asymmetric graph where nodes represents subjects .The 
directed edge represents the sequence in which subjects are covered. While moving in the graph if a node is 
traversed then it becomes visited node. The cost of edge from subject A to B: 

Edge A _ B = (time required to complete subject B) / ((credit gained after completing subject B)*(weight age 
given to the subject B)). 
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Those subjects, on which other subjects are based, have to be covered earlier to satisfy prerequisite 
constraints. Any predefined rule in the initial phase of ACO to restrict the (ant) agents with the choice of one 
node over other, has not been used. So, to take care of this matter, the time of the prerequisite subject is 
added to the numerator of the edge, if the prerequisite subject has not been covered yet. This will increase the 
probability of selecting the uncovered prerequisite subjects over the dependent subjects. So the new formula 
for the edge cost A to B while C is the prerequisite subject of B and C hasn't been covered yet: 

Edge A _ B = (time required to complete subject B + time required to complete subject C) / ((credit gained after 
completing subject B )*(weight age given to the subject)). 

If the subject C has been already covered by the learner earlier then the cost of the edge becomes: 

Edge A -B= (time required to complete subject B) / ((credit gained after completing subject 

B) * (weight age given to the subject B)). 

The pictorial representation of the curriculum graph with four subjects is depicted in Figure 2 and the 
corresponding edge costs are represented in Table L 

1 Table I. Curriculum as a complete weighted matrix 




Figure 2. Curriculum as complete weighted asymmetric graph 

x = (time required to complete subject (S_no:l))/ ((credit gained after completing subject (S_no:l) 
)*(weight age given to the subject (S_no: 1))). 

y = (time required to complete subject (S_no:2))/ ((credit gained after completing subject (S_no:2))*(weight 
age given to the subject (S_no:2))). 

z = (time required to complete subject (S_no:3))/ ((credit gained after completing subject (S_no:3))*(weight 
age given to the subject (S_no:3))). 

u = ((time required to complete subject (S_no:0) + (time required by unvisited prerequisite subject 
(S_no:2)))/ ((credit gained after completing subject (S_no:0))*(weight age given to the subject (S_no:0))). 
v = (time required to complete subject (S_no:2))/ ((credit gained after completing subject (S_no:2))*(weight 
age given to the subject (S_no:2))). 

w = (time required to complete subject (S_no:3))/ ((credit gained after completing subject (S_no:3))*(weight 
age given to the subject (S_no:3))). 

q = (time required to complete subject (S_no:0) + (time required by unvisited prerequisite subject (S_no:2)))/ 
((credit gained after completing subject (S_no:0))*(weight age given to the subject (S_no:0))). 
r = (time required to complete subject (S_no:l))/ ((credit gained after completing subject (S_no:l))*(weight 
age given to the subject (S_no:l))). 

s = (time required to complete subject (S_no:3))/ ((credit gained after completing subject (S_no:3))*(weight 
age given to the subject (S_no:3))). 

t = (time required to complete subject (S_no:0) + (time required by unvisited prerequisite subject (S_no:2)))/ 
((credit gained after completing subject (S_no:0))*(weight age given to the subject (S_no:0))). 
m = (time required to complete subject (S_no:l))/ ((credit gained after completing subject (S_no:l))*(weight 
age given to the subject (S_no:l))). 
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n = (time required to complete subject (S_no:2))/ ((credit gained after completing subject (S_no:2))*(weight 
age given to the subject (S_no:2))). 

V. Methodology 

A. Proposed Algorithm 

The problem statement is to find the subject sequence satisfying the constraint of the prerequisite, the 
sequence must be ordered in such a way so that it should satisfy the learner' s study hour constraint within the 
maximum semester constraint and the credit required to accomplish the degree (major credit lower bound and 
minor credit upper bound). It should also mould up with the learner's learning experience. The code have 
been modularized in three parts, in first part the method takes the input from the curriculum sheet and 
converts it into weighted edge cost matrix which represents the curriculum as a complete directed 
asymmetric graph. The output of weighted edge cost matrix used as input to the second method which is Ant 
colony optimization method which gives a solution set that has an optimal sequence of path or approximate 
to optimal sequence. This sequence is then fetched one by one considering the learner's requirements and is 
arranged in the semesters which are done by the third procedure of scheduling. 

1. Implementation of procedure for formation of weighted graph matrix with curriculum 

The implementation of the procedure for the formation of weighted matrix with the curriculum needs data 
from the subject database which gives information related to each subject and data from the learner's record 
which stores learner's previous detailed records. The subject database consist of unique Id for each subject, 
its name, its subject code which signifies whether the subject is major , minor or compulsory subject ,the 
credit corresponding to the subject and the time required to complete the subject. The student database 
consist of the details of the credit obtained till date, the semester covered till date, the 
major/minor/compulsory credit and the information about each subject whether covered or left. The learner 
must provide the time that she can afford to study per day. The learner is also required to suggest her 
weightage for the uncovered subject if she wants to customize her learning experience. If the learner doesn't 
want to customize the learning experience the system by itself will give weightage to the uncovered subjects 
and sequence the subject accordingly. The basic information generated with this procedure is to generate an 
indirect dependency between the dependent subjects with their prerequisite subject. So this procedure 
emphasizes on the issue that if prerequisite subject hasn't been covered yet then the selection probability of 
prerequisite subject should be more than the independent subject by the agent (ant). 

> Data Structure for the procedure - A subject is represented by a vertex node of the graph and is 
represented as a structure. All the subjects are represented as array of the structure. The information from the 
learner's record i.e. the information about the subjects already learned by the student or is yet to be learned 
are stored in the array of flag bit corresponding to each subject. The learner's choice weightage is also stored 
in float array corresponding to each subject. 

Representation of problem data: 

Structure Subject[n] - %structure array of subject 

Flag visited[n] - %subjects learned or not learned by the learner 

Float choice_weightage[n] - %weightage given by the learner to unlearned subject 

Double weight_matrix[n] [n] - %the weighted matrix evaluated from the graph as result 

Structure of subject: 
Begin 

Integer Serial_No - %uniquely identifies a subject 
Char Sub_name [20] - % subject name 

Char sub_code - % code symbolizes subjects as major minor or compulsory subjects 
Integer credit - % credit associated with the subject 
Real Time - % time required to complete the subject 

Integer Prerequisite - % the Serial_No of the prerequisite subject on which subject is dependent 
End 

> Algorithm for Procedure Weighted_matrix_curriculum - The main objective of the algorithm is 
evaluation of the weighted matrix with the curriculum graph on which ACO will further run. 



41 



Input: Learner have to enter maximum affordable hour that the learner can afford to study per day. Then the 
learner is asked whether she wants to customize her learning experience or not. If the learner is interested to 
customize her learning experience then the learner is asked to provide weightage against each unlearned 
subject with the system provided choices. If the learner doesn't want to customize then the system itself will 
give default weightage to all subjects. 

Output: Weighted matrix of [n][n] order where n is the number of subjects present in the curriculum. 
Initialize data 

Structure Subject [n] array values are fetched from the database of the subject. 
Visited[n] values are fetched from the learner's database file. 

Choice_weightage[n] values are gained from either as input from the learner or from the system. 
Weighted_matrix_curriculum (structure subject[n], flag visited[n], Float choice_weightage[n]) 

Procedure Weighted_matrix_curriculum 
Begin 

for each and every edge between vertex i to j - % here i, j and k are serial number of the corresponding 
subject nodes in the curriculum graph. As the graph contains no self loops so i shouldn't be equal toj. 

if (subjecti has a prerequisite subject k and that subject k hasn't been covered by the learner previously ) 

weight_matrix[i][j]=(time required to complete subject] + time required to complete subject k )/ 
(Credit gained after covering subject] + weightage given by the learner to the subjectj) 

end if 
else 

weight_matrix[i][j] = (time required to complete subjectj)/( credit gained after completing subjectj+ 
weightage given by the learner to the subjectj ) 
end else 
end for 

End procedure 

The weight_matrix[i][j] signifies the cost evolved in covering subjectj after covering subject i. This cost is 
evaluated with respect to time required to complete subjectj. The credit gained by covering subjectj and the 
weightage given by the learner for customizing her learning experience to the subjectj. It also brings up the 
dependency indirectly prevailing between the subjects and its respective prerequisite subject. This is done by 
adding the time of the prerequisite subject to the dependent subject's time so increase the probability of the 
prerequisite subject to be opted first by the ant (agent) before selecting dependent subject. By adding the cost 
of the prerequisite subject's time to the dependent's subject time it has been tried to decrease the probability 
of its edge selection over prerequisite subject's edge selection ,as here ACO works on the minimization of 
edge trail cost. 

2. Implementation of procedure ACO for optimized sequence of curriculum 

The implementation of the procedure is for the generation of optimized sequence of subjects of a curriculum. 
This sequence is generated by taking the weighted graph of the curriculum. The first iteration of ACO each 
ant initiate from random vertex node and the search is simple and straight forward as it is greedy construction 
procedure of local solution set by each ant based on nearest neighbour edge cost as heuristic. After the first 
iteration onward pheromone trails are also initialized based on the trail traversed by each ant. After the first 
run the construction procedure for local solution set becomes greedy towards: a) Pheromone trails available 
in common memory space, b) Heuristic information based on previous solution. These two factors influence 
the search of ants to produce the global optimal solution constructively. The entire procedure is repeated till 
the global solution converges at a point. 

> Data Structure for the procedure - The Ants are represented as array where the first element of a one 
dimensional array in [n][n+2] array will represent the cost evolved in traversing the trail by an ant and rest 
unit of the same one dimensional array will fetch the path trail traversed by the ant as these ants have no local 
memory. The number of ants is equal to number of nodes in a graph. The pheromone values are stored in the 
common memory region shared by the each ant and called as the pheromone matrix which is of dimension 
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[n][n].The Weighted_matrix is taken as input for the edge matrix for the ACO of dimension [n][n].The 
choice_info[n][n] matrix will store information which will influence further search of the local optimal 
solution set of the ant. The array of boolean values visit[n][n] will store the information for each ant whether 
the vertex node corresponding to the trail of each ant has yet been visited or not. 

Representation of problem data: 

Float Ant[n][n+2] - %Ant matrix storing ant's trail and its cost where is the number of ants= number of 
vertices in the graph. 

Float Pheromone[n][n] - %Pheromone matrix stores pheromone value corresponding to each edge in the 
graph. 

Double Edge[n][n] - %Edge matrix obtained from weighted_matrix[n] [n] storing cost of edges of the graph. 
Choice_info[n] [n] - %Choice_info matrix influences further search of ant after initialization. 
Boolean Visit[n][n] - % Visit matrix stores the information of the ant trail about which of the vertices have 
been visited by the corresponding ant in its trail. 

Integer Soln_path[n][n] - %stores the best solution path gained from the ACO procedure 
Representation of Ants : 

Ants are represented as a matrix of dimension [n]x[n+2] where the first element of a one dimensional array 
of the two dimensional array represents the cost of path trail traversed by the respective ant signified by the 
ant number and rest of the elements of the one dimensional array of the two dimensional array represents the 
trail traversed by the ant. In the figure3, Ant [5]x[7] represents ant's trail cost and the trail traversed by the 
respective ant. Like for ant[0] Ant[0][0] represents trail while traversing the trail of A (source), E,B,D,C and 
A(source) . Similarly rest of the ants has their trail cost and trail sequence in their respective one dimensional 
array. Table II represents the Ant Matrix for Figure 3. 




Table H Representation of [5]x[7] ant matrix based on 
figure 3 
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Figure 3. Graph for ant trail 

> Algorithm for Procedure ACO - The main task of the algorithm is to produce best optimal or 
approximately optimal solution sequence of the trail evaluated by the ants within the graph. 



Input: The input for this procedure is taken from the Weighted_matrix_curriculum( ) procedure which 
produces weighted_matix[n][n] which is used to initialized the Edge[n][n] matrix. 
Output: The matrix soln_path matrix stores the best trail found by the ants. 
Initialize data 

The weighted_matrix[n][n] taken as to initialize Edge[n][n]. 
The pheromone[n][n] is initialized with all values as 0. 
Choice_info[n] [n] initialized to all values. 

The Visit[n][n] initialized to all values as signifying all as unvisited vertices. 

Procedure ACO() 

Begin 

Step 1: Initialize data. 

Step 2: Construct local solution set by each ant initialized from random selection of 

vertices based on greedy for 1/Edge cost heuristics 
Step 3: Update the pheromone trail for local solution set. 
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Step 4: Choose best local trail as globally optimized solution 
Step 5: Update Pheromone trail for global solution. 
Step 6: Update Choice_info matrix. 
Step 7: While(solution Converges) do 

Construct local solution set by each ant initialized from random selection of vertices based on 

Choice_info matrix for local solution set. 

Update Pheromone trail for local solution set. 

Choose best Local trail as globally optimized solution. 

Update Pheromone trail for global solution. 

Update Choice_info matrix. 
End while 

Step 8: Choose the best trail gained from step 7 store it in sol_path[n][n] matrix. 
End procedure 

VI. Results & Discussion 

In this proposed work, DEV C++ has been used as the implementation tool. Our work has implemented a 
system that asks for the registration no. from an existing registered learner & provides him/her the flexibility 
of time, how much he/she can devote per day on an average. It also provides the facility to customize the 
learning experience by asking the learner's interests on different subjects. After having all these information 
from the learner & fetching the present status of the learner from the database, an advice is generated. Here, a 
set of students has been analyzed with different devotion time and a result of that comparative study is shown 
in Figure 4. The more time can be spent, the less no. of semesters required to complete the course. It shows 
that a learner may opt for flexibility in time according to his/her requirements considering the constraint of 
total no. of permissible attempts. It's not always possible for learner to consider all the aspects 
simultaneously of a curriculum sequence so the system has provided a way out from such a quest of a learner. 



Analysis of Flexibility 




2 4 6 8 10 12 



Remaining Semesters 



Figure 4.Comparison of flexibility of time for the learners 

VII. Future Research Direction 

Here the system is sequencing the curriculum in static sense when the learner is providing the weightages to 
the subjects once at the beginning. But the more stringent form of it appears when this problem takes a 
dynamic form. The dynamic form of this problem should be considered because it is always possible that the 
learners' desirability or preferences may change with the acquirement of knowledge gained from previously 
sequenced subjects in the curriculum. The same problem will become more complex if the sequencing is 
done with respect to the Learning Objects (LOs) present in a course. A learning object can have more 
prerequisites than a subject. 
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